An important part of early childhood programs is assessment which is defined as gathering information to make informed instructional decisions about children (Salvia, Ysseldyke, & Bolt, 2013) . These decisions involve screening, diagnosis, identification, intervention planning, and evaluation.
The assessment of social, emotional, and behavioral functioning is particularly important at the preschool level because of the number of children impacted and the persistence and stability of behavior problems (McCain, Mustard, & Shanker, 2007) . Prevalence studies have indicated that upward of 15% of preschool children demonstrate some type of emotional or behavioral problem (Powell, Dunlap, & Fox, 2006) . In addition, studies of children in Head Start programs indicate upward of 15% to 30% present some type of emotional or behavioral problem (e.g., Qi & Kaiser, 2003) . Moreover, investigators have found that behavior problems are quite persistent over time, namely, that children who evidence behavior problems in preschool settings are very likely to demonstrate behavior problems throughout school (Carter, Briggs-Gowan, & Davis, 2004) . Moreover, children who present behavior problems are also very likely to present with academic, family, mental health, and physical health problems (Kauffman & Landrum, 2009) .
In light of the prevalence of behavior problems among young children and the poor prognosis for children who evidence these problems, several investigators have developed behavior rating scales to screen, identify, and diagnose children. Most of these instruments rely on a deficit model for assessment, which may limit the type of information collected about the child including not identifying what the child does well. Indeed, identifying the positive aspects or personal strengths of the child could be very helpful in designing and evaluating interventions and services.
A number of years ago the Working Group on Developmental Assessment set forth basic principles for assessing young children and identified one core principle devoted to strength-based assessment (Greenspan & Meisels, 1996) . The group stated, "The assessment process should identify the child's current competencies and strengths, as well as the competencies that will constitute developmental progression in a continuous growth model of development" (Meisels & Atkins-Burnett, 2000, p. 232) . The National Association for the Education of Young Children (NAEYC) and the National Association of Early Childhood Specialists in State Departments of Education have articulated a similar position. Strength-based assessment adds to the intervention planning process in several ways including focusing efforts on a child's strengths as opposed to weaknesses and pointing the direction for growth, enhancing the motivation and engagement of parents and caregivers to the intervention process, and identifying areas for progress monitoring of child behavior during interventions (Epstein, 2004) .
In response to the need for strength-based measures to assess the behavioral functioning of preschoolers, several investigators developed such assessments. These include the Child Preference Indicators (Moss, 2006) , Devereux Early Childhood Assessment Program (LeBuffe & Naglieri, 1998), Infant and Toddler Social and Emotional Assessment (Briggs-Gowan & Carter, 1998) , and Vineland Social-Emotional Early Childhood Scales (Sparrow, Balla, & Cicchetti, 1998) . In addition, a few measures such as the Child Behavior Checklist (Achenbach & Rescorla, 2001 ) and the Strengths and Difficulties Questionnaire (Goodman, 1997) include both strength and deficit oriented items. Perhaps one of the most recent and widely used strength-based assessment for young children is the Preschool Behavioral and Emotional Rating Scale (PreBERS; ), a standardized and norm-referenced assessment of emotional and behavioral strengths of preschool children. The PreBERS stands out from these other strength-based assessments in its specific focus on multiple emotional and behavioral strengths in preschoolers, as well as its consistency in types of strengths assessed with a school-aged behavioral strength assessment, the Behavioral and Emotional Rating Scale (Epstein, 2004) .
The psychometric characteristics of the item responses and scores were established in a series of investigations by the test developers. First, the developers followed a multi-step process to prepare the 42-items including a review of the available strength-based measures, a comprehensive review of the research on the development of social-emotional behavior in preschoolers, a qualitative study of the views of preschool teachers and parents, an item analysis of a prototype scale, and an exploratory factor analysis (Epstein, Synhorst, Cress, & Allen, 2009) . Second, reliability studies found the internal consistency (subscale range .84 to .98; , test-retest reliability (subscale range .80 to .89), and inter-rater reliability (subscale range .71 to .85) of the PreBERS scores to be acceptable (Cress, Epstein, & Synhorst, 2010) . Third, convergent validity was assessed with the Child Behavior Checklist Caregiver-Teacher Report Form (C-TRF; Achenbach & Rescorla, 2000) with moderate to large correlations from parent (i.e., −.37 and −.78; Nordness, Epstein, & Synhorst, 2009 ) and teacher raters (−.61 and −.84; .
Previous research has supported the psychometric functioning of the PreBERS scores. These studies were conducted first on children in typical preschools ) and then with children in Head Start classrooms (Griffith et al., 2010) . However, in these earlier studies, the factor models (i.e., measurement models) were based on the relationships between subscale standard scores as opposed to item-level responses, and only tested the hypothesis that the four subscale scores were correlated because of a general strength index factor (see ). The models did not account for error variances at the item level and the inter-correlation of these variances (Brown, 2006) , and therefore did not test the hypothesis about whether the items formed four distinct, but correlated factors. A more exacting analysis is to model the internal structure using item-level responses. The importance of establishing a tenable measurement model for the PreBERS scores cannot be overstated since the measurement model serves as the "basis and rationale for arriving at the composite [scores]" (American Educational Research Association, American Psychological Association, National Council on Measurement in Education, 1999, p. 20) and is a prerequisite for assessing score reliability (Slaney & Maraun, 2008) . Therefore, in the present study we analyzed the internal structure (i.e., factorial validity) of the instrument using item-level responses in a confirmatory factor analysis (CFA) framework.
Method

Participants
The participants were 909 children ranging in age between 3 years 0 months to 5 years 11 months from Head Start programs nationwide. Data were collected between 2006 and 2007 from several states including California, Indiana, Kansas, Kentucky, Missouri, Montana, Nebraska, New Mexico, Oklahoma, Pennsylvania, South Dakota, Tennessee, Utah, Vermont, Wisconsin, and Wyoming. The sample was almost evenly divided between males (51%) and females (49%), with a mean age of 3.93 years (SD = 0.74). The racial and ethnic composition of the sample was 31.7% European American, 26.1% African American, 1.2% Asian, 8.7% multi-racial, and 32.3% from other racial backgrounds including individuals of Native American decent. In addition, 32.4% of children were identified as Hispanic. Just over 16% of children were identified with a disability; the most prevalent disability was speech and language disorders (10.3% of participants) followed by developmental delay (4.6%) and then attention deficit disorders (1.4%) and behavioral and emotional disorders (1.4%).
The sampling strategy resulted in a national sample of children in Head Start programs. The profiles of these children were similar to other children in Head Start programs (O'Brien et al., 2002) with respect to gender, race, ethnicity, and disability status. However, the sample was somewhat under-representative of the northeast and over-representative of the south with slightly more 5-yearolds than the Head Start population.
Procedures
Before data collection commenced, the university institutional review board (IRB) approved the child recruitment procedures. A national recruitment strategy to obtain data from Head Start centers across the United States was implemented. Specifically, directors of local Head Start programs throughout the United States were emailed and asked to participate. For directors who failed to respond in 2 weeks, a follow-up email was sent. Head Start directors from 16 states agreed to assist in data collection. Letters were sent to these individuals indicating how to serve as site administrators, how to recruit staff to participate, and how to train staff to complete the PreBERS rating form. Teachers were asked to read and sign consent forms before they started their participation, and teachers only rated students for whom they were the primary Head Start instructor, to avoid duplication of student rankings by multiple teachers.
Head Start teachers were given further instruction on how to identify the children from their classroom. Specifically, the teachers were provided the following instructions:
First, decide how many students you wish to rate. Then, start either at the top or bottom of your class roster and rate every other child. Do not skip any child unless you have known this child less than 2 months. Stop selecting and rating children when you have reached the number of children you wished to rate.
The selection process was implemented to reduce the likelihood of selection bias of the teachers who were providing the ratings. Teachers completed paper-and-pencil forms and returned these forms by mail to the experimenters. The instruction for teachers to select the numbers of children to rate was implemented to increase teacher participation in the research activity, and avoid the likelihood of teacher refusal of the task if the suggested target number was considered too time-consuming for that teacher. For the same reason, teachers were given options for returning forms anonymously, and no data were collected from the teachers, not even teacher ID numbers. Therefore, exact numbers of teachers completing rankings or numbers of children rated per teacher could not be determined. In sum, the process used to secure the participation of the Head Start directors and teachers resulted in our securing a convenience sample.
Instrument
The PreBERS is a standardized, norm-referenced assessment instrument developed to measure the emotional and behavioral strengths of preschool children. The PreBERS measures the following four emotional-behavioral strengths in preschool children: Emotional Regulation, School Readiness, Social Confidence, and Family Involvement . The instrument has 42 items that are judged by preschool teachers and other adults who are familiar with the child. Raters complete the 42-item instrument in about 10 min. The PreBERS measures four functions: 13 items of Emotional Regulation (e.g., "shows concern for the feelings of others"); 13 items of School Readiness (e.g., "works independently"); 9 items of Social Confidence (e.g., "asks others to play"); and 7 items of Family Involvement (e.g., "interacts positively with parents"). Raters judge the items on a 4-point Likert-type scale (0 = not at all like the child; 1 = not much like the child; 2 = like the child; 3 = very much like the child). A standard score (M = 10) and a standard deviation (SD = 3) are determined for each subscale as well as a mean (100) and a standard deviation (15) for the total strength index.
Analysis Plan
Mplus v7.11 (Muthen & Muthen, 1998 -2014 was used to investigate the reliability and factorial validity of the PreBERS scores using a CFA approach. CFA modeling yields a comprehensive evaluation of the internal structure of the assessment (i.e., factorial validity), establishes a tenable measurement model, and provides estimates used to calculate omega (ω) and omega hierarchical (ω h ) reliability coefficients (McDonald, 1978 (McDonald, , 1999 Zinbarg, Yovel, Revelle, & McDonald, 2006) .
CFA.
The focus of this study was to examine the hypothesized correlated-factor model with four latent factors representing each subscale on the PreBERS. However, some methodologists suggest that comparing a "target" hypothesized model with alternative models allows researchers to explore multiple plausible latent structures of the assessment data which may assist with interpretation of the target model (Marsh, Hau, & Grayson, 2005) . So as a basis for comparison, two alternative factor models were fit to the data: (a) a single-factor model and (b) a bifactor model (i.e., nested-factor model; general-specific model) with a general strength factor and four group factors which were all constrained to be orthogonal (i.e., uncorrelated).
As a basis for comparison, the single-factor model was used to test whether the most general construct of behavioral and emotional strengths was consistent with the item response variances. A bifactor version of the correlated-factor model was fit to provide an additional perspective on the internal structure of the assessment by partitioning item response variance into common sources (Reise, 2012) . The bifactor model assumes that each item response has two sources of variance: the general factor and one of the four group factors (Emotional Regulation, School Readiness, etc.). Thus, the bifactor model can complement a correlated factors model "by evaluating whether item response variance is due to a general construct versus group factors" (Brouwer, Meijer, & Zevalkink, 2013, p. 138) .
Since items were measured on a 4-point response scale, we treated the ratings as ordinal rather than continuous indicators of the latent factors. Accordingly, we used weighted least squares with mean and variance adjustments (WLSMV) to estimate the models, and the factors were scaled using a fixed mean and variance approach. All models were specified without correlated residual variances between items. Missing data were minimal (<1%) and excluded from the analysis using a pairwisepresent method as is default in Mplus when using the WLSMV estimator.
Chi-square (χ 2 ), the comparative fit index (CFI; Bentler, 1990) , the Tucker-Lewis index (TLI; Tucker & Lewis, 1973) , and the root mean square error of approximation (RMSEA; Steiger & Lind, 1980) were used to assess model fit. Chi-square represents an exact test of fit and a non-significant value indicates that the model fits the data acceptably; however, χ 2 is typically regarded as too conservative in applied research when sample sizes are large (Browne & Cudeck, 1993) . CFI and TLI are comparative fit indices representing the degree of improvement over the worst fitting model (Boomsma, 2000) . Both indices are scaled from 0 to 1 with values closer to 1 indicating better fit. An acceptable fitting model has a CFI and TLI greater than or equal to 0.90 (Browne & Cudeck, 1993) , a close fitting model has a value greater than or equal to 0.95. RMSEA represents the degree of model misfit and is reported on a scale of 0 to 1; values closer to zero indicate better fit. Values less than 0.08 are considered acceptable (Hu & Bentler, 1999) . The 90% confidence interval for the RMSEA was also computed; the upper bound of the interval should be less than 0.08 for acceptable fit. The DIFFTEST chi-square difference test (Δχ 2 ; Muthen & Muthen, 1998 -2014 was computed to evaluate the fit of nested models (e.g., the one-factor vs. the four-factor model or the bifactor vs. the four-factor model). Non-significant tests indicate that the fit of the two models being compared do not differ statistically. Statistically significant tests indicate that one model fits the data more closely than the other model.
Model-based reliability. Omega and omega hierarchical reliability coefficients indicate the degree to which the scale scores (i.e., sum scores) precisely measure the target constructs (i.e., the proportion of the sum score variance that can be attributed to the target construct [true score]). Cronbach's alpha has been reported for this population in prior studies of the PreBERS (Griffith et al., 2010) , so in this study we computed CFA-based ω estimates to compensate for the known limitations of Cronbach's alpha as an estimate of reliability under conditions where factor loadings are unequal across items or residual variances are correlated (Green & Hershberger, 2000; Raykov, 1997; Sijtsma, 2009 ).
Omega and omega hierarchical were based on the bifactor CFA model and calculated using Equations 1 and 2, respectively, where, λ iGEN is the loading for each item on the general factor, λ iGRP is the loading for each item on each group factor, and θ i 2 is the error variance for each item. As the equations indicate, the ω coefficient (Equation 1) includes all sources of common variance in the numerator whereas the ω h coefficient (Equation 2) only includes a single variance component in the numerator. Note that estimating ω for a subscale score includes the factor loadings for the one group factor and the general factor (but not the other group factors; that is, ω for a subscale is influenced by the general factor as well as the one group factor variance). See McDonald (1999), Brunner, Nagy, and Wilhelm (2012), or Reise (2012) for a more through explanation of calculating and interpreting ω reliability estimates using parameters from CFA models.
(1) (2) Table 1 and Table 2 contain the CFA model fit indicators and the factor loadings for each model, respectively. Specifically, Table 1 lists the chi-square test of model fit, chi-square difference test, CFI, TLI, and the RMSEA. Table 2 lists the factor loadings for the single-factor model, the four-factor model, and both general and group factor loadings for the bifactor model.
Results
One-Factor Model
The most constrained model, the one-factor model, did not fit the data acceptably as indicated by the CFI and TLI values less than 0.90 and the RMSEA value greater than 0.08. Interestingly, all of the factor loadings are large (>.50) to very large (>.85), seemingly indicating a strong single factor. Even with strong factor loadings, model misfit was caused by the substantially correlated residual variances for the items on the same subscales. The correlated residuals suggest multidimensionality due to the content heterogeneity of the assessment items. Δχ2 was calculated as the DIFFTEST feature in Mplus (Muthen & Muthen, 1998 -2014 . The degrees of freedom for the difference tests were calculated as the difference in the number of degrees of freedom between the two models being compared. The bifactor model was compared with the fourfactor model. CFA = confirmatory factor analysis; CFI = comparative fit index; TLI = Tucker-Lewis index; RMSEA = root mean square error of approximation; CI = confidence interval. * p < .001 
Four-Factor Model
The four-factor model fit the data acceptably in terms of CFI and TLI indices (>0.90) and represented a meaningful improvement over the one-factor model as indicated by the statistically significant chisquare difference test, Δχ 2 (6) = 936.12, p < .0001. The factor loadings for the four-factor model were all large (>0.50) and positive suggesting that the items are good indicators of the factors. However, given the relatively large RMSEA value, the adequacy of this model is questionable; as the 90% confidence interval indicates, if we were to resample from this population repeatedly, nearly all of the samples would demonstrate an unacceptably high RMSEA. The four factors were highly correlated ranging from r = .73 (School Readiness with Family Involvement) to r = .87 (School Readiness with Social Confidence) indicating that the factors share a substantial amount of common variance suggesting that a hierarchical factor structure might better represent the assessment data.
Bifactor Model
The last model, the bifactor version of the four-factor model, is the best fitting of the models tested as indicated by the acceptable CFI and TLI, and the large difference in fit between the bifactor and the four-factor model, Δχ 2 (36) = 927.97, p < .0001. The bifactor model also had an acceptable RM-SEA as expressed by the point estimate and the confidence interval. Examining the factor loadings for the bifactor model reveals that a strong general factor and weaker group factors merged (see Table 2 ). Overall, 78% of the explained common variance (ECV) was attributed to the General Strength factor, 8% was attributed to the Emotional Regulation factor, 6% to the Family Involvement factor, 5% to the School Readiness factor, and 3% to the Social Confidence factor. Moreover, all factor loadings for the general factor were large (range = .47-.85; Mdn = .70) and most loadings for the group factors were moderate to large (range = .06-.71; Mdn = .41). However, a few items demonstrated high general factor loadings, but low group factor loadings that were not statistically significant indicating that, after controlling for the general factor, the residual variance of the item is unrelated to the group factor. Examples of items that do not load significantly onto the group factors include Persists With Tasks (School Readiness), Works Independently (School Readiness), and Accepts Closeness (Social Confidence).
Item-parameter invariance. An important assumption underlying the validity of the bifactor model relates to item-parameter invariance for the general factor (Reise, 2012) , which represents the degree to which the general factor measures the same construct when only a subset of the assessment items are used. It has been suggested that item-parameter invariance indicates that ratings are "unidimensional enough so that the item parameter estimates properly reflect the latent trait held in common among the items and are not biased by additional common dimensions caused by clusters of items with similar content" (Reise, Horan, & Blanchard, 2010, p. 216) . A lack of invariance tends to indicate meaningful multi-dimensionality in the assessment data. Prior to interpreting the structural parameters of the bifactor model, item-parameter invariance was evaluated for several subsets of items (Reise, 2012) . The general factor loadings for each subset are presented in Table 3 . Overall, the factor loadings are quite consistent across the subsets, but the variation that is present in the loadings seems to suggest that the general factor loadings are not strictly invariant. That is to say, the general factor has a slightly different meaning depending on which of the group factors are included in the measurement model.
Reliability estimates.
Given an acceptable fitting bifactor model and the reasonableness of item-parameter invariance, ω and ω h were computed based on this model (see Table 4 ). Omega estimates, which indicate the proportion of scale score variance that can be attributed to true score variance, suggest high reliability given values ranging from .92 to .99; ω, like alpha, ranges from 0 (completely unreliable) to 1 (perfectly reliable). Omega hierarchical estimates, which indicate the proportion of scale score variance that can be attributed to true score variance of a single factor when controlling for the other factors, were large for the strength index (.93) and relatively small for the subscales (range = .13-.29). The ω h values suggest that item response variance accounted for by the general factor is highly reliable, but that the item response variance accounted for by the group factors is far less reliable when the effect of the general factor is removed. The low ω h values for the subscales indicate that these scores are far less precise when considered as unique constructs (Reise, 2012) .
Discussion
Overall, the hypothesized internal structure of the assessment was confirmed, for children in the Head Start population, by the four-factor CFA model. In comparison with the four-factor model, the onefactor model demonstrated poor fit to the data indicating that the variances of item responses cannot be explained by a single, general latent factor. As the fit of the four-factor model demonstrated a statistically significant improvement over the one-factor model, we concluded that the four group factors were more consistent with the observed item response variances. However, the four latent factors were highly correlated suggesting a common source of variance, so the bifactor model was fit with both a general factor and four group factors. As expected, the bifactor model demonstrated a statistically significant improvement in fit over the four-factor model indicating that this latent structure was also consistent with observed item responses. 1 More specifically, the bifactor model indicated a latent structure with a strong general factor and four weaker group factors. In other words, the bifactor model provided strong empirical support for the use of the overall strength score, but also provided results that indicated a need for researchers and Head Start personnel to be cautious of trying to interpret the subscale scores as independent sources of information about the behavioral and emotional strengths of young children in Head Start programs. Reliability estimates from the bifactor model also suggest that the PreBERS scores, for the total score and the subscales, are highly reliable measures of behavioral and emotional strengths; however, as noted above, ω h estimates suggest that the majority of reliable variance in subscale scores is attributable to the general factor. The lack of reliable variance attributable to the group factors raises questions about using the subscale scores as reliable measures of the subdomain constructs.
Overall, the findings of the present investigation support the psychometric characteristics of the PreBERS scores, and we suggest that, for the time being, the assessment be used as the developers intended. However, there are a number of questions which still remain of which the most important question is "would it be best for researchers or practitioners to compute and interpret subscales scores or a single overall score?" While there are no established guidelines for drawing a conclusion ω = omega; ω h = omega hierarchical; ECV = explained common variance about the univocal (i.e., unidimensional) nature of assessment scores, Reise, Moore and Haviland. (2010) and Reise (2012) suggest that when ω h estimates (or ECV estimates) for subscale scores are as low as observed in this study, that assessment scores should likely be treated as univocal (i.e., as representing a single construct rather than distinct subdomains). On the other hand, the lack of strict item-parameter invariance does not necessarily support the univocal structure of the PreBERS ratings. Although there seems to be a slight preponderance of evidence supporting the use of overall PreBERS score rather than subscale scores, the question about how best to score and use the assessment data cannot be completely addressed by PreBERS data alone; instead, the decision to treat the scores as unidimensional needs to be carefully considered within the context of how factor scores relate to criterion measures of behavior and how practitioners or researchers intend to use the information. Future research should address the external validity of the latent structures to help inform decisions regarding how best to score the PreBERS assessment.
Limitations
Several limitations need to be noted. First, while the national sample of Head Start children was adequate and representative with respect to ethnicity, race, and disability status, the sample was not representative of Head Start children nationwide (see O'Brien et al., 2002 ) with respect to geographical region and age. The sample was overrepresented from the south (39% sample vs. 25% actual).
In addition, the sample was somewhat overrepresented with 5 years old (23% sample vs. 8% actual). When the test developers re-norm the PreBERS, they should attempt to secure a more representative sample of children in Head Start settings particularly with respect to geographical region and age. Second, the PreBERS was developed based on data provided by preschool teachers and did not include data from parents or other caregivers. Thus, this study provides information on the Pre-BERS ratings of Head Start teachers and does not inform us on the ratings or expectations of parents of children in Head Start settings. Researchers (e.g., Achenbach, McConaughy, & Howell, 1987) have documented significant rating differences across informants (i.e., parents and teachers); thus, it is important to collect data on parents of Head Start children to develop a separate set of norms and to determine if ratings differ across teachers and parents. Third, the national sample of preschoolers was not randomly selected. Individuals were contacted through a variety of means and asked to assist. For this reason, the sample was a convenience sample of program directors and teachers who agreed to participate and thus the nature of the sample may have influenced the results. As such, the data do not inform us about children whose directors and teachers did not agree to participate and thus may have led to rater bias. A final limitation is related to the lack of information on the clustering of children within teachers (i.e., multiple students being rated by the same teacher) or within Head Start programs. As neither piece of information was collected as part of the PreBERS normative process, the clustering could not be accounted for in the CFA models. While the present study demonstrated the presence of the four factors and the general strength index among this population, further research needs to be conducted on the reliability and validity of the PreBERS scores with Head Start children. First, as stated earlier, investigators need to determine the cross informant reliability of the PreBERS ratings, specifically the agreement between Head Start educational staff and parents. This will determine whether teachers and parents who interact with the child across settings view the child's strengths in a similar or dissimilar manner. Third, the item-level CFA model was demonstrated for children in Head Start settings but did not examine the invariance of measurement properties between males and females, across different ethnic or racial backgrounds, or between children with or without disabilities. Fourth, convergent validity studies with children in Head Start programs need to be conducted with other instruments of childhood functioning. For example, researchers should examine the association between the PreBERS scores and scores from tests of family cohesion, language and literacy, social interactions, among others. In addition, investigators need to use concurrent and predictive validation approaches in determining the usefulness of bifactor models of behavioral and emotional strengths. Finally, investigators need to conduct longitudinal studies of the PreBERS to evaluate the sensitivity to change of the scores.
Implications
Demonstrating evidence of reliability and validity of the PreBERS scores among a large sample of children enrolled in Head Start settings is important because this assessment can be used by Head Start personnel to identify children who may benefit from extra educational and therapeutic intervention to maximize their behavioral strengths, and set children up for academic success in Kindergarten and beyond. With 15% to 30% of Head Start children likely to be identified with emotional and behavioral problems (Qi & Kaiser, 2003) , educators have a pressing need for a quick and reliable assessment that can identify individual child strengths using behavioral subscales (i.e., item content) that complement those addressed in Head Start classes. One of the primary purposes of Head Start is to maximize Academic Readiness, which is one of the subscales of the PreBERS. The other PreBERS subscales complement this primary Head Start focus by identifying individual child skills (Emotional Regulation, Social Confidence) and community strengths (Family Involvement) to support long-term academic success. Some of the strongest predictors of behavior problems by late elementary years include parenting stress and family psychopathology and parents' reports of child internalizing problems in preschool (Ashford, Smit, van Lier, Cuijpers, & Koot, 2008) , which correspond to PreBERS subscales of positive strengths in Family Involvement and Emotional Regulation. If these early strengths could be effectively identified and fostered through preventative interventions, up to 57% of behavioral impairments at age 11 years could be ameliorated (Ashford et al., 2008) .
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Note
1. The bifactor model has 36 fewer degrees of freedom than the four-factor model (i.e., the bifactor model is more complex); therefore, we would expect the model fit to improve over that of the four-factor model as a function of the additional complexity and does not necessarily represent a substantive improvement in fit to the data.
